Abstract-In functional-structural plant models, inferring latent levels of organization from data while accounting for both connections between levels and within-individual heterogeneity is a challenging task. Here, we develop an approach based on multiple change-point models. It aims at partitioning a heterogeneous tree into homogeneous subtrees of consequent sizes. While multiple change-point models for sequences have been studied in depth, their transposition to tree-indexed data remains unaddressed. Since optimal algorithms of multiple change-point models for sequences cannot be transposed to trees, we propose here an efficient heuristic for tree segmentation. The segmented subtrees are grouped in a post-processing phase since similar disjoint patches in the canopy are observed. Application of such models is illustrated in mango tree where subtrees are assimilated to plant patches and clusters of patches to patch types (e.g. vegetative, flowering or resting patch).
I. INTRODUCTION
Like several other tropical trees, mango tree is characterized by strong phenological asynchronisms between and within trees, entailing patchiness [1] . Patchiness is characterized by clumps of either vegetative or reproductive growth units (GUs) within the canopy: while some parts of the tree canopy develop vegetative GUs, others may remain in rest or produce inflorescences (i.e. flowering GUs) at the same time (see figure 1 ). These asynchronisms concern more or less large branching systems [2] . They entail various agronomic problems, such as the repeated use of pesticides to protect recurrent sensitive phenological stages from pests, or an excessively extended period of fruit maturity, which may lead to difficulties to organize fruit harvesting. The objective here is to define a statistical methodology to identify and characterize these patchiness patterns. This approach is particularly interesting for highlighting patchiness patterns in species where such patterns are not directly apparent in the data. Quantification of patchiness could be used for species or cultivar compar- Fig. 1 . In situ illustration of mango tree patchiness. This mango tree is separated into two parts. The left part in dark green is a clump of old GUs where fruits can be found. The right part in light green is a clump of new vegetative GUs. This visually patchy appearance is due to the presence of GUs of different types in the canopy at a given date.
ison and patchiness indices could be integrated into varietal selection procedures.
Tree-indexed data are used as plant architecture representations where the plant entities correspond to the vertices of a tree graph. It is assumed in our approach that plant patches can be assimilated to a partitioning of a tree into subtrees whose entities have homogeneous properties. It is therefore assumed that there are subtrees within which the characteristics of the plant entities follow the same or nearly the same distribution and between which these characteristics have different distributions. The identification of such subtrees can thus be stated as tree-indexed data segmentation. Although patchiness is a spatio-temporal phenomenon, we focus here in its spatial dimension on trees observed at given dates. To take into account the temporal dimension of patchiness, several dates were then taken into account. This induces data redundancy, since the entities at a given time mostly remain in the structure at later times. To prevent such redundancy, only the entities that grew between two time steps were considered. Such a point of view results in many missing values in tree-indexed data, since at a given date the considered vertices are mostly located in the canopy (i.e. leaf vertices of tree graphs). Classical statistical models for tree-indexed data based on markovian hypotheses [3] - [5] are no longer relevant since internal vertices are not observed. The chosen strategy is to search for abrupt changes in the proportions of GU types within the tree. This is the analog of the sequence segmentation problem [6] , [7] conducted on trees. It is noteworthy that exact methods for determining the most probable segmentation of a sequence cannot be transposed to tree-structured data. We therefore propose here to use a greedy algorithm to segment trees. As underlined in [8] , the output of the segmentation procedure is a partitioning (which elements are subtrees) constrained to have adjacent subtrees significantly different from each other. However, two nonadjacent subtrees can be very similar. We therefore propose a two-stage tree segmentation/clustering algorithm based on the previous segmentation procedure combined with a mixture model in order to identify similar subtrees.
This article is organized as follows. The presentation of treestructured representations of plants in Section II is followed by the introduction of segmentation/clustering models and practical aspects of the application of these models to botanical treeindexed data. The application of these segmentation/clustering models to plant architecture is illustrated in Section III by the characterization of the patchiness of mango trees. Finally, efficiency, technical difficulties and genericity concerning these models are discussed in Section IV.
II. MATERIAL AND METHODS

A. Tree-structured representation of plants
Plant topology can be described formally through MTGs (Multiscale Tree Graphs) [9] . In a MTG, each vertex corresponds to a botanical entity at a given scale (e.g. metamer, GU), each edge to the physical connection between two botanical entities and each scale to a more-or-less macroscopic viewpoint on the plant. Considering the methodology presented in [5] for hidden Markov tree models (see figure 2) , a plant can be represented by a tree-graph corresponding to a single scale of a MTG for statistical analysis.
Data of interest are thus univariate and indexed by a forest x = (x t ) t∈T -or more generally multivariate forest-indexed data notedx = (x t ) t∈T -where T ⊂ N is the set of vertices of a directed collection of tree-graphs τ = (T , E) and E ⊂ T × T \ R is the set of directed edges representing lineage relationships between vertices. R represents the set of roots of τ . Until further notice, we consider that τ is sensu stricto a tree and the only root of τ is denoted by r. Let de (.) denote the set of all the descendants of a given vertex. This notation also applies to the set of vertices. Capitalized versions indicate closure of the corresponding notation,
For any set A ⊆ T ,x A denotes the subset ofx obtained by considering only the vertices in A,
and τ A the subtree induced by A. The in-degree of a vertex t in a tree τ , is denoted by deg − τ (t). This in-degree is 0 if the vertex is a root or otherwise is 1.
B. Modeling plant patchiness using tree segmentation/clustering models
To simplify notations we will consider in the following the case wherex is the outcome of a X -valued stochastic process X = (X t ) t∈T such that X ⊂ N is called the observation space.
Unlike [8] , in which segmentation and clustering of data were performed in a single stage, we here propose a twostage approach. In the first stage, each tree is quotiented into homogeneous subtrees considering tree segmentation models. In the second stage, a mixture model is used to group homogeneous disjoint subtrees into clusters with similar biological characteristics.
a) Segmentation models: A segmentation model is defined by a vertex quotienting (i.e. a partitioning of the vertex set), noted Π, such that each quotient induces a sensu stricto tree (any path between two vertices of one quotient is composed of vertices in the same quotient). Given these quotients, vertices in the same quotient are supposed to be independent and identically distributed. The parameterization of a segmentation model is therefore defined by these quotients and completed by an observation distribution for each quotient. As a consequence of these assumptions, the log-likelihood L (x; Π, θ Π ) of the model decomposes as follows:
where f π (·) denotes the observation distribution of the quotient π ∈ Π and θ Π the set of parameters of these observation distributions.
The quotients in Π can also be identified by the set of change points, noted P. Each change point corresponds to the root of the subtree induced by the corresponding quotient π ∈ Π:
The function ν (·) denotes the function that returns the quotienting associated to a set of change points.
b) Inference of quotients: In our context, given a quotienting Π, the estimation of observation distributions is a simple maximum likelihood estimation within each quotient. A major issue, given a number K of quotients, is to find the quotienting that maximizes the log-likelihood. Exact methods for determining the most probable segmentation of a sequence cannot be transposed to tree-indexed data. We therefore propose a heuristic approach to find a local optimal solution (see [10] for a similar approach for sequences).
Let P (k) denote the change points set associated with k + 1 quotients, corresponding to a local optimum of the loglikelihood of segmentation models with k + 1 quotients. By definition, P (0) is the change-point set that induces exactly one quotient and therefore contains only the root of the tree,
Finding the change-point set P (1) that maximizes the loglikelihood of the segmentation model with two quotients is easily achieved by testing successively all the non-root vertices as change point
The optimal segmentation of a tree into two subtrees is therefore easily obtained. The principle of our heuristic is to recursively use this principle to build the quotienting iteratively. Due to this recursion, the segmentation obtained is not guaranteed to be optimal or perfect, but sufficient for our practical goals. Note that in order to reduce the probability of being stuck in local optima, a subtree merging step has been incorporated at each step. If a new change point is found, the removal of change points is considered until further removals no longer increase the log-likelihood (recursive split and merge algorithm for tree segmentation). c) Selecting the number of quotients: In our context the number K of quotients is unknown and thus must be selected. Since the aim of segmentation is to reveal plant patches and since the sizes of patches are directly related to K, the estimation of K is a key point. This problem can be handled, such as in the sequence segmentation case, in the general context of model selection using model selection criteria adapted to the segmentation objective [11] - [13] . We applied the slope heuristic, a non-asymptotic penalized likelihood criterion [14] . This criterion has been recently popularized by the introduction of the data-driven slope estimation method by Baudry et al. [13] which is a practical method for implementing slope heuristics. Since this method requires the estimation of overparameterized models, we thus considered the building of multiple change-point models up to 20 change points.
d) Tree clustering models: Segmentation models detect subtrees such that the observations do not change substantially within each subtree but change markedly between two adjacent subtrees. But the occurrence of similar non-adjacent subtrees in the tree is an important feature. It is therefore assumed that:
• There is a small number of quotient types and all the vertices in a quotient are of the same type.
• Vertices in the same quotient are independent and identically distributed given the quotient type. The expectation-maximization algorithm and the maximum a posteriori (MAP) assignment of quotients of standard mixture models [15] , under the constraint that vertices belonging to a given quotient are assigned to the same component, were therefore applied in this context to group similar patches.
C. Plant material a) Experimental design:
The experimental orchard was located at the CIRAD 1 research station in Saint-Pierre, Réunion Island. Five mango trees were described at the GU scale for the Cogshall, José, Kensington Pride, Irwin, Kent, Nam Doc Mai and Tommy Atkins cultivars [16] . These trees were fully described for (see figure 3) : Fig. 3 . Mango tree growing cycles. There are three phases in the mango tree growing cycle: vegetative phase (in green), flowering phase (in yellow) and fruiting phase (in magenta). Since a new growing cycle occurs each year and a growing cycle lasts a year and a half, the vegetative phase is decomposed into 3 flushes (early, intermediate and late). The first two correspond to the overlap of this phase with the flowering and fruiting phases of the previous cycle. The third one corresponds to the absence of overlap with the previous cycle.
•
Since the mango growing cycle in year i is a period ranging from July 1 st of year i − 1 to March 1 st of the year i + 1, two growing cycles were observed in their entirety (see figure 3) .
b) Temporal resolution: While patchiness is a spatiotemporal phenomenon, we focus here on its spatial dimension on trees observed at given dates (see figure 1) . In particular, a growing cycle (see figure 3 ) contains 3 periods of marked interest:
• The early flush period -An early flush corresponds to the period when the vegetative phase of a growing cycle overlaps the flowering phase of the previous cycle. Patchiness was therefore investigated at the flush temporal resolution. Tree-indexed data for each of these flushes and each growing cycle were extracted from trees at the GU scale as follows:
1) Any vegetative GU that burst or floral GU that flowered after the given flush period was removed from the treeindexed data. 2) Any floral GU that flowered during the previous growing cycle was removed from the tree-indexed data because of the limited lifetime of these structures. 3) Any vegetative GU that burst or floral GU that flowered during the current growing cycle and flush was labeled as V for a vegetative GU or F for a floral GU. 4) Any leaf of the tree graph that had no label was labeled R for resting GU.
As a consequence we obtained 181 trees in which mostly leaf vertices were observed with the following observation space X = {F, R, V }.
III. RESULTS
A. Tree segmentation
Only 132 trees were successfully segmented among the 181 trees. The failures were mainly due to the presence of trees with a very low noise level, therefore over-parameterized models for penalty computation could not be built for these trees. Note that even though we did not consider these trees, this impossibility to build over-parameterized models could be considered as an indication of trees that are constituted of only one patch.
As illustrated in figure 4 , the tree segmentation successfully detected 608 patches with various compositions and relative sizes. Note that only a few patches containing only sibling GUs were detected (6%), indicating that there were relatively few over-segmented trees.
B. Subtree clustering
Although the composition of patches varied, most were close to pure vegetative, flowering or resting patches (see figure 4) . The second stage of clustering was therefore highly relevant since the occurrence of similar non-adjacent subtrees was frequent in mango trees.
For the mixture model, we considered three different states in order to group subtrees into three clusters and assess the general composition of the patches (see figure 4) . Observation distributions (resp. weights) of the mixture models are denoted g c (.) (resp. w c ) for a cluster c ∈ {0, 1, 2}.
Based on the observations distributions:
• Flowering patches were assigned to state 0,
• Vegetative patches were assigned to state 1, g 1 (F) = 0.08, g 1 (R) = 0.13, g 1 (V) = 0.79.
• Resting patches were assigned to state 2, In both plots each tree or subtree is identified by a blank disk, whose size is proportional to its relative size with respect to the original tree. (c) Ternary plot of clustered subtrees. In this plot each cluster of subtrees is identified by a blank disk, whose size is proportional to its weights in the inferred mixture model. In these ternary plots, the left bottom corner of the triangle represents the pure flowering trees, the right bottom corner the pure resting trees, and the top corner the pure vegetative trees. Therefore, a tree near a corner of the triangle is an almost pure tree. By contrast, if it is near an edge it has a very low proportion of the characteristic represented at the corner opposed to the edge. The colored triangles in the background of these ternary plots correspond to bins of histograms colored according to a heat map (from dark blue corresponding to low tree frequency to red for high frequency). The histogram of initial trees is represented in (a) and the histograms of segmented and clustered subtrees are represented in (b, c).
patches is biologically interpretable since the observed mango trees were young and therefore not at their permanent regime of production, in which more flowering GUs would be expected.
While there was some degree of opposition between vegetative and flowering GUs within patches, resting GUs were present in significant proportions in each patch.
C. Cultivar comparisons
The advantage of tree segmentation/clustering models is that, given the patches and their types, the different cultivars can be compared. For instance, we computed for each cultivar (see figure 5 ):
• The relative patch size. Empirical cdfs (cumulative distribution functions) of relative patch size were used to compare cultivar behaviors in terms of patch size. The relative size of a patch is defined as the ratio of the number of vertices in the patch to the number of vertices in the complete tree. Although most of the cultivars had almost the same behavior, there were slight differences. Irwin had the largest patches, in contrast to Tommy Atkins that had the smallest patches. José is also quite interesting since it is the cultivar with the most heterogeneous patch sizes and unlike the other cultivars it has no marked plateau for intermediate patch sizes.
• The MAP assignment of quotients, consists of labeling every patch with its most probable cluster value. This is the core step of the subtree clustering in Section III-B. MAP assignment of quotients yields information about patch representations in cultivars. The most marked differences concerned Tommy Atkins, which had only two categories of patches, with flowering patches being quasi-absent and partly compensated by a significant proportion of flowers in resting patches.
IV. DISCUSSION a) Performance: Our segmentation approach is based on a heuristic. We therefore assessed the performance of this heuristic approach assuming that the number of quotients was known.
To this end, we generated 100 different trees using simple Galton-Watson processes [17] with patches at random heights. Once the height was drawn, given a topological ordering of the change points, their types were drawn with periodic Markov chains of period two (ensuring that two consecutive vertices cannot have the same type). Then, each of these types was projected onto corresponding leaf vertices. For each of these leaf-labeled trees, 10 different noise intensities (ranging from 0.0 up to 1.0) were simulated, with the noise intensity defined as the frequency of re-labeled vertices.
We used our heuristic in 1, 000 trees obtained to recover the quotienting corresponding to the number of simulated (a) (b) Fig. 6 . Performance of the segmentation heuristic for tree-indexed data. This performance was assessed in a simulation study by comparing simulated and segmented quotients. These comparisons were conducted using the sensitivity (a) and specificity (b) scores of the results.
quotients. As presented in Denoeud & Guénoche [18] , the comparison of obtained and simulated quotienting was based on the comparison of their quotienting matrices. A quotienting matrix Π of a given quotienting Π of vertices T is the square matrix of general element Π i,j defined as follows:
Comparisons of the specificity and sensitivity of these matrices indicated that the approach was suited for recovering the simulated quotienting (see figure 6 ). Denoting by Π andΠ the true and estimated quotienting matrices, the sensitivity is the proportion of pairs of vertices that actually are in the same quotient (Π i,j = 1) and were assigned to the same quotient by the algorithm (Π i,j = 1), while the specificity is the proportion of pairs of vertices that actually are in different quotients (Π i,j = 0) and were assigned to different quotients by the algorithm (Π i,j = 0). Note that, even in some cases of very low noise, sensitivity can be surprisingly low. This is due to identifiability issues that can be summarized with the following question: 'Is it a flowering tree with vegetative patches or a vegetative tree with flowering patches?' At some point, if the proportions of simulated states are fairly similar, a small level of noise can make the difference. If the tree was considered to be 'a flowering tree with vegetative patches' but the heuristic method found that it was 'a vegetative tree with flowering patches', the corresponding comparison of simulated and segmented quotients induced low sensitivity but high specificity. b) Cultivar comparison: An attractive application of the method presented here is the ability to compare different cultivars. The identification of patchiness relative (see fig. 5 ) and absolute size and type may help to investigate the origin of a low or high yield. For this purpose, we considered several cultivars having contrasted architectural and reproductive behavior. Irwin and José are two opposite cultivars. Irwin is a heavy and regular bearer [19] whereas José has a good productivity but is an alternate bearer [20] . Our results showed that the main difference between these two cultivars concerns the relative patch size. Indeed, Irwin had larger patches compared to José which showed heterogeneous patch sizes. Flowering patch representation was very similar between José and Irwin (see fig. 5 ). A smaller representation of flowering patches was thus unlikely to explain the lower productivity of José and its alternate bearing. Large patches seemed thus to be an advantage in terms of yield and its stability. So far, our approach of patchiness was based on the relative patch size (see fig. 5 ). A next step would be to analyze the absolute patch size which is well and positively related to the absolute amount of carbon reserve and to distances between GUs. It is thus likely that the absolute patch size would represent more accurately the fruiting pattern of the cultivars and their agronomic behavior.
c) Scale comparisons: The scale of patch expression is of marked interest. If for one tree this can be tackled by comparing height, depth or width distributions between the different type of patches, for a forest, this approach is no longer relevant. We can therefore use an approach consisting of computing distributions of relative heights, depths or widths with respect to the tree within which the patch is found (see figure 5 ). But since plant topology can be described formally through MTGs, it may be relevant to consider the quotiented tree resulting from tree segmentation as an inferred scale and compare it to the biological scales encoded into the MTG, such as scaffolds or growing cycles. This could be tackled using distances between tree quotienting defined by Ferraro & Godin [21] . Using this distance, the distances between tree quotienting obtained by the segmentation stage and the nested biological quotientings could help identify the scale of patchiness patterns within the different cultivars and their modifications over time.
d) Genericity: We proposed a new approach for characterizing tree canopy patchiness, with the mango tree as an example. This enabled us to compare the phenology and architecture of mango cultivars on a more objective basis. The strength of this approach was the representation of nonlocal patterns within tree-indexed data. This is a mandatory property for identifying patchiness patterns at various scales within trees and we expect numerous applications of this new paradigm for analyzing tree-indexed data. In particular, this approach offers new perspectives for testing causal assumptions on patchiness, as for example the effect of the number of fruits in a patch on the nature of subsequent patches, or more generally the effects of phenological or environmental factors on patch development. Moreover the segmentation heuristic does not require particular assumptions concerning observation distributions. This approach could therefore be used for detecting patchiness resulting from the observation of numerous variables of different types, and be applied on other temperate or tropical plant species.
